The model has been calibrated via analysing model parameter sensitivity and validated based 23 on a long-term observed daily streamflow data. The impacts of climate change (considering 24 high emissions path) not only on the runoff, but also on the basin-scale hydrology including 25 evapotranspiration, soil moisture and net radiation have been assessed in this study by using 5 26 GCMs of CMIP5 through three time-slice experiments; present-day , near-future 27 and far-future (2075-2099) periods. Results show that, by the end of 21 st century 28 (a) the entire GBM basin is projected to be warmed by ~4.3°C (b) the changes of mean 1 precipitation are projected to be +16.3%, +19.8% and +29.6%, and the changes of mean 2 runoff to be +16.2%, +33.1% and +39.7% in the Brahmaputra, Ganges and Meghna basins, 3 respectively (c) evapotranspiration is projected to increase significantly for the entire GBM 4 basins (Brahmaputra: +16.4%, Ganges: +13.6%, Meghna: +12.9%) due to increased net 5 radiation (Brahmaputra: +5.6%, Ganges: +4.1%, Meghna: +4.4%) as well as warmer air 6 temperature. Changes of hydrologic variables will be larger in dry season (November-April) 7 than that in wet season (May-October). Amongst three basins, Meghna shows the highest 8 increase in runoff which indicates higher possibility of flood occurrence in this basin. The 9 uncertainty due to the specification of key model parameters in predicting hydrologic 10 quantities, has also been analysed explicitly in this study, and it is found that the uncertainty 11 in estimated runoff, evapotranspiration and net radiation is relatively low. However, the 12 uncertainty in estimated soil moisture is rather large (coefficient of variation ranges from 14.4 13 to 31% among three basins). 14 15
Introduction 16
Bangladesh is situated in the active delta of the world's three major rivers, the Ganges, 17
Brahmaputra and Meghna. Due to its unique geographical location, the occurrence of water-18 induced disasters is a regular phenomenon. In addition, the anticipated change in climate is 19 likely to lead to an intensification of the hydrological cycle and to have a major impact on 20 overall hydrology of these basins and ultimately lead to increase the frequency of water-21 induced disasters in Bangladesh. However, the intensity, duration, and geographic extent of 22 floods in Bangladesh mostly depend on the combined influences of these three river systems. 23
Previous studies revealed that flood damages have become more severe and devastating when 24 more than one flood peaks in these three river basins coincide (Mirza, 2003; Chowdhury, 25 2000) . 26
The Ganges-Brahmaputra-Meghna (hereafter referred to as GBM) river basin with a total area 27 of about 1.7 million km 2 (FAO-AQUASTAT, 2014; Islam et al., 2010 ) encompasses a number 28 of countries including parts of China, India, Nepal, Bhutan and Bangladesh (Fig. 1) . Major 29 characteristics of the GBM rivers have been presented in Table 1 . This river system is the 30 third largest freshwater outlet in the world to the oceans (Chowdhury and Ward, 2004) . 31
During the extreme floods, over 138 700 m 3 s -1 of water flows into the Bay of Bengal through 32 a single outlet, which is the largest intensity in the world even exceeding that of the Amazon 1 discharge into the sea by about 1.5 times (FAO-AQUASTAT, 2014) . The GBM river basin is 2 unique in the world in terms of diversified climate. For example, the Ganges river basin is 3 characterized by low precipitation (760-1020 mm year -1 ) in the northwest upper region and 4 high precipitation (1520-2540 mm year -1 ) along the coastal areas. High precipitation zones 5 and dry rain shadow areas are located in the Brahmaputra river basin, whereas the world's 6 highest precipitation (~5690 mm year -1 ) area is situated in the Meghna River basin (FAO-7 AQUASTAT, 2014) . 8 Several studies have focused on the rainfall and discharge relationships in the GBM basin by 9
(1) identifying and linking the correlation between basin-scale discharge and the El Nino-10 southern oscillation (ENSO) and sea surface temperature (SST) (Chowdhury and Ward, 11 2004; Mirza et al., 1998; Nishat and Faisal, 2000) , (2) analysing available observed or 12 reanalysis data (Chowdhury and Ward, 2004, 2007; Mirza et al., 1998; Kamal-Heikman et al., 13 2007) , and (3) evaluating historical data of flood events (Mirza, 2003; Islam et al., 2010) . 14 Various statistical approaches were used in most of these studies instead of conducting 15 hydrologic model simulations. In recent years, a number of global-scale hydrologic modelling 16 studies (Haddeland et al., 2011; Haddeland et al., 2012; Pokhrel et al., 2012) have been 17
reported. Although their modelling domains include the GBM basin, these global-scale 18 simulations are not well constrained due to the lack of calibration at the basin scale. 19 Few studies have been conducted to investigate the impact of climate change on the 20 hydrology and water resources of the GBM basins (Immerzeel, 2008; Kamal et al., 21 2013; Biemans et al., 2013; Gain et al., 2011; Ghosh and Dutta, 2012; Mirza and Ahmad, 2005a) . 22
In most of these studies, future streamflow is projected on the basis of linear regression 23 between rainfall and streamflow derived from historical data (Immerzeel, 2008; Chowdhury 24 and Ward, 2004; Mirza et al., 2003) . Immerzeel (2008) 
used the multiple regression technique 25
to predict streamflow at the Bahadurabad station (the outlet of Brahmaputra basin) under 26 future temperature and precipitation conditions based on the statistically downscaled GCM 27 output. However, since most of the hydrologic processes are nonlinear, they cannot be 28 predicted accurately by using empirical regression equations derived from historical data and 29 then extrapolating to the future conditions with the non-stationary changes. The alternative for 30 the assessment of climate change impacts on basin-scale hydrology is by using well-calibrated 31 hydrologic modelling, but this has rarely been conducted for the GBM basin due to the lack of 32 data for model calibration and validation. Ghosh and Dutta (2012) applied a physically-based, 1 macro-scale distributed hydrologic model to study the change of future flood characteristics at 2 the Brahmaputra basin, but their study domain only focused on the regions inside India rather 3 than the entire basin. Gain et al. (2011) estimated the future trends of the low and high flows 4 in the lower Brahmaputra basin using outputs from a global hydrologic model forced by 5 multiple GCM outputs (grid resolution: 0.5º). Instead of calibrating the model, the simulated 6 future streamflow was weighted against the observations to assess the impacts due to climate 7 change. 8
In contrast to the above studies, in this study a hydrologic model simulation will be conducted. 9
The calibration and validation will be based on a rarely obtained long-term (1980-2001) 10 observed daily streamflow dataset in the GBM basin provided by the Bangladesh Water 11 Development Board (BWDB). Relative to previous studies over the GBM basin, it is believed 12 that the availability of this unique long-term streamflow data can lead to more precise 13 estimation of model parameters and hence more accurate simulation of hydrological processes 14 as well as more reliable future projection of the hydrology over the GBM basin. 15
The objective of this study is to (1) setup a hydrologic model by calibration and validation 16 with long-term observed daily discharge data that can reproduce the long-term hydrographs of 17 this basin reliably, and to (2) study the impact of future climate changes on the basin-scale 18 hydrology of this basin. A global-scale hydrologic model H08 (Hanasaki et al., 19 2008; Hanasaki et al., 2014) is applied regionally over the GBM basin at a relatively fine grid 20 resolution (10 km) by integrating the fine-resolution (~0.5 km) DEM data for the accurate 21 river networks delineation. The hourly atmospheric forcing dataset from the Water and Global 22
Change (WATCH) model-inter-comparison project (Weedon et al., 2011) (hereafter referred  23 to as WFD (WATCH Forcing Dataset)) is used for the historical simulations in this study. 24 WFD is considered as one of the best available global climate forcing datasets to provide 25 accurate representation of meteorological events, synoptic activity, seasonal cycles and 26 climate trends (Weedon et al., 2011) . The studies by Lucas-Picher et al. (2011) and Siderius et 27 al. (2013) found that for the South Asia and the Ganges, respectively, the WFD rainfall is 28 consistent with the observed APHRODITE data (Yatagai et al., 2012 ) -a gridded (0.25˚) 29 rainfall product for the South Asia region developed based on a large number of rain gauge 30 data. For the future simulations, the hydrologic model is forced by climate output from 31 simulations of high emissions scenario (RCP 8.5 of all model except MRI-AGCM3.2S which 32
River at Bhairab Bazar is seasonally tidal -after withdrawal of the monsoon the river at this 23 station becomes tidal, and from December to May the river shows both a horizontal and a 24 vertical tide (Chowdhury and Ward, 2004) . Under this condition, during the dry season, tidal 25 discharge measurements were made at this station once per month. Daily discharges of 26
Ganges and Brahmaputra River were calculated from the daily water level data by using the 27 rating equations developed by the Institute of Water Modelling (IWM) (IWM, 2006) . Rating 28 equation for the Meghna River was not reported in literature. In this study an attempt was 29 made to develop the rating equation for the Meghna basin. Discharge (monthly) data of three 30 more stations (Farakka, Pandu, Teesta) located at upstream of these basins (Fig. 1) were 1 collected from the Global Runoff Data Centre (GRDC), which were used for validation. 2
Topographic Data 3
DEM data were collected from the HydroSHEDS (Hydrological data and maps based on 4
SHuttle Elevation Derivatives at multiple Scales) (HydroSHEDS, 2014) . It offers a suite of 5 geo-referenced data sets (vector and raster), including stream networks, watershed boundaries, 6 drainage directions, and ancillary data layers such as flow accumulations, distances and river 7 topology information (Lehner et al., 2006) . The HydroSHEDS data were derived from the 8 elevation data of the Shuttle Radar Topography Mission (SRTM) at a ~0.5 km resolution. 9
Preliminary quality assessments indicate that the accuracy of HydroSHEDS significantly 10 exceeds that of existing global watershed and river maps (Lehner et al., 2006) . 11
GCM data 12
Climate data from 5 CMIP5 climate models; MIROC5, MIROC-ESM, MRI-CGCM3, 13
HadGEM2-ES under the RCP 8.5 representative concentration pathway and MRI-AGCM3.2S 14 under the SRES A1B (Appendix B, Table B1 ) have been used for future simulation. The 15 climate data has been interpolated from native climate model resolution (ranging from 0.25× 16 0.25°to 2.8×2.8°) to 5×5ʹ (~10 km-mesh) using linear interpolation (nearest four point). 17
In order to be consistent with the historical data, the bias of precipitation forcing data of each 18 GCM has been corrected by multiplying the monthly correction factor equal to the ratio 19 between the basin-averaged long-term mean precipitation from a GCM and that from WFD 20 for each of the twelve months in each GBM basins. Among these GCMs, MRI-AGCM3.2S 21 (where the 'S' refers to the "super-high resolution") provides higher resolution (20 km) 22 atmospheric forcing data which shows improvements in simulating heavy precipitation, 23 global distribution of tropical cyclones, and the seasonal march of East Asian summer 24 monsoon (Mizuta et al., 2012) . Therefore, climate change impacts on the south Asia were 25 assessed in several recent studies by using the MRI-AGCM3.2S dataset (Rahman et al., 26 2012; Endo et al., 2012; Kwak et al., 2012) . 27 2.5. Hydrologic Model: H08 1 H08 is a macro-scale hydrological model developed by Hanasaki et al (2008) which consists 2 of six main modules: land surface hydrology, river routing, crop growth, reservoir operation, 3 environmental flow requirement estimation, and anthropogenic water withdrawal. For this 4 study, only two modules, the land surface hydrology and the river routing are used. The land 5 surface hydrology module calculates the energy and water budgets above and beneath the land 6 surface as forced by the high temporal-resolution meteorological data. 7
The runoff scheme in H08 is based on the bucket model concept (Manabe, 1969) , but differs 8 from the original formulation in certain important aspects. Although runoff is generated only 9 when the bucket is overfilled as in the original bucket model, H08 uses a "leaky bucket" 10 formulation in which subsurface runoff occurs continually as a function of soil moisture. Soil 11 moisture is expressed as a single-layer reservoir with the holding capacity of 15 cm for all the 12 soil and vegetation types. When the reservoir is empty (full), soil moisture is at the wilting 13 point (the field capacity). Evapotranspiration is expressed as a function of potential 14 evapotranspiration and soil moisture (Eq. 2). Potential evapotranspiration and snowmelt are 15 calculated from the surface energy balance (Hanasaki et al., 2008) . 16
Potential evaporation E P is expressed in this model as 17
.
19
Where ρ is the density of air, C D is the bulk transfer coefficient U is the wind speed, q SAT (T S ) 20 is the saturated specific humidity at surface temperature, and q a is the specific humidity. 21
Evaporation from a surface (E) is expressed as 22
23 where 24
where W is the soil water content and W f is the soil water content at field capacity (fixed at 26 150 kg m −2 ). 27
Surface runoff (Q s ) is generated whenever the soil water content exceeds the field capacity: 28
Subsurface runoff (Q sb ) is incorporated to the model as 2
Where τ is a time constant and γ is a parameter characterizing the degree of nonlinearity of 4 Q sb . These two parameters are calibrated in this study as described later in Sect. 3.1. 5
The river module is identical to the Total Runoff Integrating Pathways (TRIP) model (Oki 6 and Sud, 1998) . The module has a digital river map covering the whole globe at a spatial 7 resolution of 1º (~111 km). The land-sea mask is identical to the GSWP2 meteorological 8 forcing input. Effective flow velocity and meandering ratio are set as the default values at 0.5 9 m s −1 and 1.5, respectively. The module accumulates runoff generated by the land surface 10 model and routes it downstream as streamflow. However, for this study a new digital river 11 map of the GBM basin with the spatial resolution of ~10 km is prepared. Effective flow 12 velocity and meandering ratio have been calibrated respectively for the three basins. future simulations. A H08 simulation with the 10-km (5 min) resolution is calibrated to find 17 the optimal parameter sets by using the parameter-sampling simulation technique, and 18 validated with observed daily streamflow data. The default river module of H08 uses the 19 digital river map from TRIP (Oki and Sud, 1998) with the global resolution of 1º (~111 km), 20 which is too course for the regional simulation in this study with the 10-km resolution. 21
Therefore, a new digital river map of the 10-km resolution is prepared by integrating the 22 finer-resolution (~0.5 km) DEM data. model were run by using all the combinations of four parameters, which consist of a total of 7 5 4 (=625) simulations all conducted by using the same 11-year (1980-1990) atmospheric 8 forcing data of WFD. 9 Figure 3 plots the 11-year long-term average seasonal cycles of simulated total runoff, surface 10 runoff and sub-surface runoff of the Brahmaputra basin. Each of the five lines in each panel 11
represents the average of 5 3 (=125) runs with one of the 4 calibration parameters fixed at a 12 given value. As shown, the overall sensitivity of selected model parameters to the flow 13 partitioning is high. When d is low, surface runoff is high (due to higher saturated fractional 14 area) (Fig. 3 b) . As d increases, sub-surface runoff increases and surface runoff decreases ( The parameter C D is the bulk transfer coefficient in the calculation of potential evaporation 20 (Eq. 1), thus its effect on runoff is relatively small (Fig. 3d-f ). However, higher C D causes 21 more evaporation and hence lower (both surface and sub-surface) runoff (Eq. 1 and Eq. 2). 22
The sensitivity of parameter γ to runoff is also smaller than d and τ. As γ increases, surface 23 runoff increases and sub-surface runoff decreases (Fig. 3h, i) . The overall sensitivity of γ to 24 the total runoff becomes negligible due to the compensating effects (Fig. 3g) . 25 As shown in Eq. (5) and Fig. 3k -l, the parameter τ has a critical impact on the surface and sub-26 surface flow partitioning. A larger τ corresponds to larger surface runoff and hence smaller 27 sub-surface runoff ( Fig. 3k-l) , but it has relatively a small impact on total runoff (Fig. 3j) . 28
These four calibration parameters have the combined influences on total runoff partitioning as 29 well as simulations of other hydrologic variables. To summarize, (1) the sensitivity of d on 30 the total runoff is complex: the trend is reversed between the two halves of a year; (2) 31 parameters d and τ have a significant impact on flow partitioning whereas C D and γ have less 32 sensitivity to runoff simulation; (3) The influence of d and τ is reversed between surface and 1 sub-surface runoff: surface runoff increases as d decreases and τ increases. 2 Figure 4e plots the uncertainty bands of the simulated discharges by using 10 optimal 3 parameter combinations according to the Nash-Sutcliffe coefficient of efficiency (NSE) (Nash 4 and Sutcliffe, 1970) . It is observed that the spread of uncertainty band is located mainly 5 around the low flow period (dry season from November to March) over the Brahmaputra 6 basin ( Fig. 4e) . No surface runoff is generated in dry season when the soil moisture is lower 7 than the field capacity (Eq. 4 and Fig. 3b ). It is noted from the 10 optimal parameter 8 combinations that the optimal τ is 150, C D is 0.001, d and γ range from 3 to 5 and 1.0 to 2.5, 9
respectively. The spread of the uncertainty bands is mainly due to the variations of the d and γ. 10
As d increases, the sub-surface runoff increases ( Fig. 3c and Fig. 4e ). On the other hand, in 11 the case of the Ganges and Meghna basin the spread of uncertainty bands are observed 12 through the entire period of a year (in low flow as well as in peak flow regimes). Among the 13 10 optimal parameter combinations for Ganges (Meghna) it is found that parameter C D is 14 0.008 (0.008), τ is 150 (50), d and γ range from 4 to 5 (4 to 5) and 2.5 to 4 (1.5 to 2), 15
respectively. In the dry period when surface runoff is nearly zero, sub-surface runoff increases 16 as d increases. A higher C D causes higher evaporation which influences runoff as well (Eq. 1). 17
As discussed earlier, the influence of d on the total runoff is complex which results in the 18 variation of simulated runoff throughout the year. The spread of the uncertainty bands is large 19 in the peak flow period as the sensitivity of both surface and sub-surface runoff is also large 20 with respect to the value of d (not shown). 21
Calibration and Validation 22
The historical simulation from 1980 to 2001 is divided into two periods with the first half 23 (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) as the calibration period and the second half (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) as validation. Basic 24 information and characteristics (location, drainage area, and periods of available observed 25 data) of the 6 validation stations in the GBM are summarized in Table 3 . Model performance 26 is evaluated by comparing observed and simulated daily streamflow by the Nash-Sutcliffe 27 efficiency (NSE) (Nash and Sutcliffe, 1970) , the optimal objective function for assessing the 28 overall fit of a hydrograph (Sevat and Dezetter, 1991) . A series of sensitivity analysis of H08 29 parameters was conducted from which the 10 sets of the optimal parameter are determined by 30 using the parameter-sampling simulation as discussed earlier, and these parameter sets will be 31 used to quantify the uncertainty in both historical and future simulations in the following. 32 Table 4 ). Also 26 shown in Figure 5 is the Box-and-Whisker plot showing the range of variability within each 27 of the twelve months. The interannual variation of precipitation in Brahmaputra and Meghna 28 is high from May to September (Fig. 5a ,c) whereas in Ganges it is from June to October. 29
However, the magnitudes of precipitation differed substantially among three basins. The 30 Meghna has significantly higher precipitation than other two basins (Table 4) , also the 31 maximum (monthly) precipitation during 1980-2001 occurs in May with the magnitude of 32 1 mm day -1 , while those in Brahmaputra and Ganges occurs in July with the magnitudes of 15 2 mm day -1 and 13 mm day -1 , respectively. Moreover, the seasonality of runoff in all three 3 basins corresponded very well with that of precipitation. Runoff (Fig. 5j-l) in Ganges was 4 much lower (the maximum of 4.3 mm day -1 in August) than the other two basins (the 5 maximum of 9.3 mm day -1 in Brahmaputra and 15.9 mm day -1 in Maghna, both in July). In 6 addition, ET in the Brahmaputra is significantly lower (annual total 251 mm) than in the other 7 two basins (annual total 748 mm in Ganges and 1000 mm in Meghna). Lower ET in the 8
Brahmaputra basin is likely due to its cooler air temperature, higher elevation and less 9 vegetated area. The basin-averaged Normalized Difference Vegetation Index (NDVI) of the 10 Brahmaputra is 0.38, whereas for the Ganges and Meghna, NDVI are 0.41 and 0.65, 11 respectively (NEO, 2014). However, the patterns of seasonal variability of ET in Brahmaputra 12
and Meghna are quite similar, except there is a drop in July in Brahmaputra (Fig. 5m-o) . ET is 13 relatively stable from May to October in Brahmaputra and Meghna (which suggests ET is at 14 the potential rate) in contrast to that in Ganges where the ET does not reach the peak until 15
September. Finally, both the pattern and magnitude of seasonal soil moisture variations are 16 rather different among three basins (Fig. 5p-r) . However, the peak of soil moisture occurs in 17
August in all three basins. 18 Brahmaputra, Ganges and Meghna, respectively, while the maximum net radiation is about 47, 24 100 and 117 W m -2 , respectively (Table 4) . 25
Correlation between meteorological and hydrological variables 26
Figure 6 presents the scatter plots and the correlation coefficients (cc) between the monthly 27 meteorological and hydrological variables in three river basins. Three different colours 28 represent three different seasons: dry/winter (November-March), pre-monsoon (April-June), 29 and monsoon (July-October). From this plot, the following summary can be drawn. Total 30 runoff and surface runoff of Brahmaputra have stronger correlation (cc= 0.95 and 0.97, both 31 are statistically significant at p<0.05) with precipitation than in other two basins. However, 32 subsurface runoff in Brahmaputra has weaker correlation (cc=0.62, p<0.05) with precipitation 1 than that in Ganges (cc=0.75, p<0.05) and Meghna (cc=0.77, p<0.05). These relationships 2 imply that the deeper soil depths enhance the correlation between subsurface runoff and 3 precipitation. The deeper root-zone soil depth (calibrated d = 5m) in Meghna generates more 4 subsurface runoff (69% of total runoff) than other two basins. Soil moisture in Meghna also 5 shows stronger correlation (cc=0.87, p<0.05) with precipitation than that in Brahmaputra 6 (cc=0.77, p<0.05) and Ganges (cc=0.82, p<0.05) . 7
The relationships of evapotranspiration with various atmospheric variables (radiation, air 8 temperature) and soil water availability are rather complex (Shaaban et al., 2011) . Different 9 methods for estimating potential evapotranspiration (PET) in different hydrological models 10 may also be a source of uncertainty (Thompson et al., 2014) . However, the ET scheme in the 11 H08 model uses the bulk formula where the bulk transfer coefficient is used to calculate 12 turbulent heat fluxes (Haddeland et al., 2011) . In estimating PET (and hence ET), H08 uses 13 humidity, air temperature, wind speed and net radiation. precipitation is not pronounced for all three basins, but its interannual variability is rather 32 large for each GCM. Among 5 GCMs used, the precipitation of MRI-AGCM3 has the largest 1 interannual variability (particularly in the Ganges and Meghna basin). A clear increasing trend 2 in air temperature can be observed for all three basins. As there is strong correlation between 3 precipitation and runoff (Fig. 6) , the interannual variability of them are similar. There is no 4 clear trend that can be observed for ET in each basin from the present to the near-future 5 period. However, in the far-future a notable increasing trend is observed for all basins (Fig.  6 7e1-e3). Figure 7f1 -f3 plots the interannual variability of soil moisture. Since there are no 7 clear trends (from the present to the near-future period) identified from precipitation and 8 evapotranspiration, the effect of climate change on soil moisture is relatively less pronounced 9 from this modelling study. 10
Projected mean changes 11
The changes in the seasonal cycles of hydro-meteorological variables in the two projected 12 periods (2015-2039 and 2075-2099) are comparing with that in the reference period (1979-13 2003) . All the results presented here are from the multi-model mean of all simulations driven 14 by the climate forcing data from 5 GCMs for both reference and future periods. The solid 15 lines in Fig. 8 represent the monthly averages and the dashed lines represent the upper and 16 lower bounds of the uncertainty bands as determined from the 10 simulations using the 10 17 optimal parameter sets (identified by ranking the Nash-Sutcliffe efficiency (NSE)). Figure 9  18 plots the corresponding percentage changes and Table 5 Bangladesh and India respectively. Based on the present study, for the Brahmaputra and 30
Meghna basins the change of precipitation in dry season (November-April) is 23% and 33.6%, 31 respectively, both are larger than the change in wet season (May-October) (Brahmaputra: 1 15.1%, Meghna: 29%) (Fig. 9b-c) . However, the change of precipitation in dry season in 2 Ganges (3.6%) is lower than that in wet season (21.5%). 3
Air temperature

4
The GBM basin will be warmer by the range of 1-4.3°C in the near-future (Brahmaputra: 5 1.2°C, Ganges: 1.0°C, Meghna: 0.7°C) and far-future (Brahmaputra: 4.8°C, Ganges: 4.1°C, 6
Meghna: 3.8°C), respectively (Table 5 ). According to the projected changes, the cooler 7 Brahmaputra basin will be significantly warmer by the maximum increase up to 5.9°C in 8 February (Fig. 9d) . In Immerzeel (2008), the increase of air temperature in Brahmaputra is 9 projected (under the SRES A2 and B2 scenarios) as 2.3°C ~3.5°C by the end of 21 st century. 10
However, The rate of increase over the year is not uniform for all these basins. Temperature 11 will increase more in winter than that in summer ( Fig. 9d-f ). Therefore, a shorter winter and 12 an extended spring can be expected in the future of the GBM basin, which may significantly 13 affect the crop growing season as well. 14
Runoff
15
Long-term mean runoff is projected to be increased by 16.2%, 33.1% and 39.7% in 16 Brahmaputra, Ganges and Meghna, respectively by the end of the century (Table 5) . 17
Percentage increase of runoff in Brahmaputra will be quite large in May (about 36.5%), which 18 may be due to the increase of precipitation and also smaller evapotranspiration caused by 19 lower net radiation (Fig. 9g, m) . In response to seasonally varying degrees of changes in air 20 temperature, net radiation and evaporation, the changes of runoff in wet season October) (Brahmaputra: 20.3%, Ganges: 36.3%, Meghna: 41.8%) are larger than that in dry 22 season (November-April) (Brahmaputra: 2.9%, Ganges: -2.3%, Meghna: 24.2%) (Fig. 9j-k) . 23
Runoff in Meghna shows larger response to precipitation increase, which could lead to higher 24 possibility of floods in this basin and prolonged flooding conditions in Bangladesh. These 25 findings are in general consistent with previous findings. Mirza (2002) reported that the 26 probability of occurrence of 20-year floods are expected to be higher in the Brahmaputra and 27
Meghna Rivers than in Ganges River. However, Mirza et al. (2003) found future change in 28 the peak discharge of the Ganges River (as well as the Meghna River)is expected to be larger 29 than that of the Brahmaputra River. 30
Evapotranspiration
1
It can be seen from Fig. 9m -o that the change of ET in near-future is relative low, but 2 increases to be quite large by the end of the century (Brahmaputra: 16.4%, Ganges: 13.6%, 3 Meghna: 12.9%). This is due to the increase of net radiation (Brahmaputra: 5.6%, Ganges: 4 4.1%, Meghna: 4.4%) as well as the warmer air temperature. Following the seasonal patterns 5 of radiation (Fig. 9g-i ) and air temperature (Fig. 9d-f) , the change of ET will be considerably 6 larger in dry season (November-April) (Brahmaputra: 25.6%, Ganges: 19.3%, Meghna: 7 18.2%) than that in wet season (May-October) (Brahmaputra: 12.9%, Ganges: 10.9%, 8
Meghna: 10.5%). 9
Soil moisture
10
Soil moisture is expressed in terms of the water depth per unit area within the spatially 11 varying soil depths (3 ~ 5 m). The change of soil moisture (ranges from 1.5 ~ 6.9% in the far-12 future) is lower compared to other hydrological quantities, except for the Meghna in April 13 where the soil moisture is projected to increase by 22%. However, the associated uncertainties 14 through all seasons are relatively high compared to other variables (Fig. 8f1-f3) . 15
Net radiation
16
Net radiation is projected to be increased by >4% for all the seasons except summer in the 17 entire GBM basin by the end of the century (Figure 9g-i) . Due to the increase in the future air 18 temperature, the downward long-wave radiation will increase accordingly and lead to the 19 increase in net radiation. However, the change of net radiation in the far-future period is larger 20 in dry season (Brahmaputra: 10.3%, Ganges: 5.3%, Meghna: 6.5%) than wet season 21 (Brahmaputra: 3.1%, Ganges: 3.4%, Meghna: 3%). For the near-future period, net radiation is 22 projected to decrease by <1% through about all seasons due to the smaller increase in air 23 temperature (~1°C) as well as decreased incoming solar radiation (not shown) in this basin. 24
Uncertainty in projection due to model parameters 25
In recent decades, along with the increasing computational power there has been a trend 26 towards increasing complexity of hydrological models to capture natural phenomenon more 27 precisely. However, the increased complexity of hydrological models does not necessarily 28 improve their performance for unobserved conditions due to the uncertainty in the model 29 parameters values (Carpenter and Georgakakos, 2006; Tripp and Niemann, 2008 ). An increase 30 in complexity may improve the calibration performance due to the increased flexibility in the 1 model behaviour, but the ability to identify correct parameter values is typically reduced 2 (Wagener et al., 2003) . Multiple parameter sets can reproduce the observations with the 3 similar accuracy. Another source of uncertainty comes from the assumption of stationary 4 model parameters, which is one of the major limitations in modelling the effects of climate 5 change. Model parameters are commonly estimated under the current climate conditions as a 6 basis for predicting future conditions, but the optimal parameters may not be stationary over 7 time (Mirza and Ahmad, 2005b) . Therefore, the uncertainty in future projections due to model 8 parameters specification can be critical ( generally be used for climate impact studies when model is calibrated using more than 20-12 year of data and where the future precipitation is not more than 15% drier or 20% wetter than 13 that in the calibration period. However, Coron et al. (2012) found a significant level of errors 14 in simulations due to this uncertainty and suggested further research to improve the methods 15 of diagnosing parameter transferability under the changing climate. For the purpose of 16 minimizing this parameter uncertainty the average results from the 10 simulations using 10 17 optimal parameter sets are considered as the simulation result for the two future periods in 18 this study. Also the propagating uncertainty in simulation results due to the uncertainty in 19 mode parameters will be quantified and compared among various hydrologic variables in this 20 study. 21
From Fig. 8 where the upper and lower bounds of the uncertainty of hydro-meteorological 22 variables are plotted for all the simulation periods. It can be seen that the uncertainty band of 23 runoff is relatively narrow, which indicates future runoff is well predictable through model 24 simulations in this study. The uncertainty due to model parameters in runoff prediction is 25 lower (the coefficient of variation (CV) ranges between 3 -7.6% among three basins) than 26 that of other hydrologic variables (Fig. 8d1-d3 ). In addition, from Fig. 4e it is observed that 27 there is no significant uncertainty in simulated peak discharge for the Brahmaputra and 28
Meghna River. Lower uncertainty in predicting runoff is highly desirable for climate change 29 impact studies, for instance, the flood risk assessment where the runoff estimate (especially 30 the peak flow) is the main focus. However, a relatively wide uncertainty band of runoff can be 31 found in Ganges in wet season (Fig. 8d2) , which might be due to that the upstream water use 32 (diversion) in Ganges was not well represented in the model. Notice that the lower uncertainty 33 in runoff prediction relative to other variables is expected as the model is calibrated and 1 validated against observed streamflow at the basin outlet. The uncertainty in ET prediction is 2 also lower (CV: 3.6-11.3%; SD: 0.1-0.4), which can be related to the narrower uncertainty 3 band of net radiation (CV: 1.8-8.6%; SD: 1. 8-5.6 ). On the other hand, the prediction of soil 4 moisture is rather uncertain for all three basins (CV: 14.4-31%; SD: 35-104). Large 5 uncertainty in predicting soil moisture can be a serious issue significant in land use 6 management and agriculture in particular, and this emphasizes the critical importance of 7 having soil moisture observations for constraining model simulations in addition to the issues 8 regarding the identifiability of model parameters. 9 10
Conclusions 11
This study presents model analyses of the climate change impact on Ganges-Brahmaputra-12
Meghna (GBM) basin focusing on (1) the setup of a hydrologic model by integrating the fine-13 resolution (~0.5 km) DEM data for the accurate river networks delineation to simulate at 14 relatively fine grid resolution (10 km) (2) the calibration and validation of the hydrologic 15 model with long-term observed daily discharge data and (3) ET in near-future is relative low, but increases to be quite large by the end of the century 29 due to the increase of net radiation as well as the warmer air temperature. However, the 30 change will be considerably larger in dry season than that in wet season. (d) The change 31 of soil moisture is lower compared to other hydrological quantities. 32  Over all, it is observed that climate change impact on the hydrology of the Meghna basin 1 is larger than that of the other two basins. For example, in the near-future runoff of 2 Meghna is projected to increase 19.1% whereas it is 6.7% and 11.3% for Brahmaputra 3 and Ganges, respectively. In far-future larger increase of precipitation (29.6%) and lower 4 increase of ET (12.9%) and consequently larger increase of runoff (39.7%) lead to higher 5 possibility of floods in this basin. 6  The uncertainty due to model parameters in runoff prediction is lower than that of other 7 hydrologic variables. The uncertainty in ET prediction is also lower, which can be related 8 to the narrower uncertainty band of net radiation. On the other hand, the prediction of soil 9 moisture is rather uncertain for all three basins, which can be significant in land use 10 management and agriculture in particular, and this emphasizes the importance of having 11 soil moisture observations for model calibration. based on discharge-weighted ensemble modelling, Hydrology and Earth System Sciences, 15, 32 1537-1545, 10.5194/hess-15-1537-2011, 2011. 33 Ghosh, S., and Dutta, S.: Impact of climate change on flood characteristics in Brahmaputra 34 basin using a macro-scale distributed hydrological model, J Earth Syst Sci, 121, 35 10.1007/s12040-012-0181-y, 2012. 36
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